Presumably, hedge fund managers pursue unique strategies because they have great new ideas and superior investment skills, while less skilled managers are more likely to herd and follow publicly known investment strategies. For investors, knowing how innovative and skillful their managers are is thus extremely important but very difficult because of the opaque nature of hedge fund operations. In this paper, we construct a measure of the distinctiveness of a fund's investment strategy based on historical fund return data. Specifically, we examine the extent to which a fund's returns differ from those of its peer funds. We term the measure "Strategy Distinctiveness Index" (SDI). The higher the SDI, the more distinctive is a fund's strategy. We document a substantial cross-sectional variation as well as strong persistence over time in funds' SDI. Our main result indicates that, on average, higher SDI is associated with better subsequent performance. Funds in the highest SDI quintile significantly outperform funds in the lowest SDI quintile by about 6 percent over the subsequent year.
I. Introduction
Investors pay high fees to hedge funds for their unique investment ideas and strategies. When an investment idea becomes known to a large number of investors, the abnormal return from the strategy is likely to be competed away. This, together with the well-documented finding of large performance variations across hedge funds, suggests that identifying fund managers with unique investment ideas is crucial for hedge fund investors. Nevertheless, the task is very challenging.
First of all, hedge funds trade and operate with great secrecy and little disclosure in order to protect their investment ideas. Second, the rapid growth of the hedge fund industry has resulted in a wide range of strategies and a huge number of funds run by managers with diverse investment backgrounds and qualifications. In this paper, we make a first attempt to estimate the uniqueness and distinctiveness of a fund's investment strategy using historical hedge fund return data. We further examine whether a more distinctive investment strategy is indicative of greater managerial talents, and hence, superior fund performance.
Presumably, skilled hedge fund managers pursue distinctive strategies because they have great new ideas and superior investment skills, while less skilled managers are more likely to herd and follow publicly known investment ideas. We refer to this as the skill hypothesis. Consistent with this hypothesis, we would expect funds with skilled managers to pursue more innovative strategies and to deliver performance that is more distinctive from their peers. As a result, we should observe a positive relation between the distinctiveness in fund strategy and fund performance.
On the other hand, hedge fund managers may also appear to deviate from their peers if they take on excessive risk due to a potential conflict of interest between fund managers and investors. As Goetzmann, Ingersoll, and Ross (2003) show, the option-like characteristics of the compensation contract could provide incentives for managers to make idiosyncratic bets to increase the chance of extreme performance. We refer to this as the gaming hypothesis. Consistent with this hypothesis, funds pursuing such gaming strategy would appear to be distinctive from the peers.
However, in this case, we should not observe a positive relation between future fund performance and the distinctiveness in fund strategy.
To study the distinctiveness of a fund's investment strategy, we propose a measure based on historical fund returns. Specifically, we examine the correlation of individual hedge fund returns with the average returns of peer funds in the same style category. In this context, we term (1-correlation) the "Strategy Distinctiveness Index" (SDI) . SDI measures the extent to which a fund's returns differ from those of its peers. The higher the SDI, the more distinctive is the fund's investment strategy. We then examine how SDI relates to fund performance and other fund characteristics.
We define fund investment styles by clustering historic returns using a procedure similar to that in Brown and Goetzmann (1997 Goetzmann ( , 2003 . The clustering method groups funds to its closest cohort by minimizing the sum of the distance of all funds to the corresponding clusters. The partition of funds is based on a systematic and quantitative approach rather than predefined categories. As suggested by Brown and Goetzmann (1997, 2003) , the statistical approach precludes possible misclassification of fund styles due to strategic self-reporting. The clustering method also allows time varying groupings as some funds may change investment strategies over time.
Using monthly return data on more than 3200 hedge funds covered by Lipper TASS database over the period of January of 1994 to September of 2008, we construct the Strategy Distinctiveness Index (SDI) for individual funds. For the sample of funds, we control for survivorship and backfill biases to the extent the data allow. We document a substantial cross-sectional variation in SDI, indicating that some funds follow innovative investment strategies while others tend to herd. We also find strong persistence in individual fund SDI over time. This suggests that SDI is likely driven by fund characteristics such as managerial innovation skills, that tend to be persistent over time, rather than by noise or by random bets prompted by manager's gaming motive that are likely to be transitory.
We further study the determinants of SDI. We find that SDI is related to a number of fund characteristics. Specifically, SDI increases with lagged performance measures including risk adjusted returns, appraisal ratio, and the Sharpe ratio. This result is consistent with the skill hypothesis that SDI is related to better fund performance. Moreover, SDI decreases with the idiosyncratic volatility of fund returns in the previous two years. This result is inconsistent with the gaming hypothesis that the deviation captured by SDI is driven by managers making random bets and taking on excessive risk to maximize the option-like payoff. Furthermore, we find that SDI decreases with fund age, size, high water mark provision dummy, the lengths of lock up period, and increases with fund incentive fees and personal capital dummy.
Our main test concerns the relation between SDI and fund performance. We form portfolios of hedge funds based on their SDI levels and examine the subsequent performance of these portfolios. Consistent with the skill hypothesis, we find that the SDI helps predict future fund performance. Funds with more distinctive strategies tend to perform consistently better after adjusting for differences in their risks and styles. Specifically, with a one year sorting and rebalancing trading strategy, the quintile portfolio of funds with the highest lagged SDI yields an average risk adjusted return of 9.24 percent per year, whereas that with the lowest SDI yields 3.12 percent per year. The return difference between the two portfolios is statistically and economically significant.
Since the post-formation portfolio performance can only be measured based on funds that are present in the data set till the end of the holding horizon, the performance based on these existing funds may be biased. To examine whether the out-performance of the high SDI portfolio we have documented is mainly attributed to the difference in the drop-out rate, we analyze the drop-out property of the SDI portfolios. We find a 4% difference in the survival rate between the lowest SDI quintile portfolio (81%) the highest quintile (77%) one year after the formation. We show through back-of-envelope calculations that the differences in the drop-out rate and the potential return bias are unlikely to explain away the out-performance of the high SDI portfolio.
We further examine the robustness of the above relation using a multivariate regression approach.
Specifically, we use both pooled regressions with clustered standard errors and time and style fixed effects as well as Fama-MacBeth regressions. Controlling for other fund characteristics, we confirm the positive relation between a fund's SDI and its subsequent performance in the multivariate regression setting.
The remainder of the paper is organized as follows. Section II discusses the related literature.
Section III introduces data. Section IV describes the construction of SDI (Strategy Distinctiveness Index), its properties and determinants. Section V presents the empirical findings on the relation between SDI and future fund performance measures. Section VI concludes.
II.

Related Literature
Academic research shows that hedge funds follow dynamic investment strategies and have volatile returns. The empirical findings also largely indicate that hedge funds deliver positive alpha, while the evidence on performance persistence has been rather mixed. Some recent papers on fund performance include Ackermann, McEnally, and Ravenscraft, (1999) Agarwal and Naik (2000 and 2004) , Brown, Goetzmann and Ibbotson (1999) , Brown and Goetzmann (2003) , Brown, Goetzmann, Liang and Schwarz (2007) , Fung and Hsieh (1997 , 2000 , 2001 , 2002 , Goetzmann, Ingersoll and Ross (2003) , Ibbotson and Chen (2006) , Jagannathan, Malakhov and Novikov (2006) , Kosowski, Naik and Teo (2007) and Liang (1999 Liang ( , 2000 . Griffin and Xu (2007) analyze hedge fund disclosed holdings and find only weak statistical evidence for a better stock picking ability when comparing hedge funds to mutual funds.
Although hedge funds as a group deliver positive risk-adjusted returns and diversification benefits, large cross-sectional variations in hedge fund returns have also been documented by researchers, for example, Malkiel and Saha (2005) . Despite the importance of distinguishing skilled hedge funds from the unskillful ones, research on the cross-sectional determinants of hedge fund returns has been rather limited until a few recent papers started to link hedge fund performance to various fund and managerial attributes. Aragon (2007) finds that funds with more stringent share restriction clauses offer an excess return of 4-7% per year. Aggrawal and Jorion (2007) document strong outperformance by emerging hedge fund managers especially during the first two to three years of fund existence. Agarwal, Daniel, and Naik (2007) show that funds with greater managerial incentives and discretions display superior performance. Li, Zhang and Zhao (2007) find that the educational background and working experience of managers are related to hedge fund performance. Titman and Tiu (2008) postulate that the ability to hedge systematic risk factor exposures reflects managerial talent. They find hedge funds that exhibit lower R-squares with respect to systematic factors have better performance. Related to this line of research, our paper takes a first attempt to study the innovativeness aspect of managerial talents and the distinctiveness of fund strategies.
The existing literature examining the effect on fund performance due to the innovativeness of managerial talents and distinctiveness of fund strategy has been primarily focused on the mutual fund sector. Kacperczyk, Sialm, and Zheng (2005) argue that mutual fund managers may decide to deviate from a well-diversified portfolio and concentrate their holdings in industries where they have informational advantages. Their results confirm that more concentrated funds perform better after controlling for risk and style differences. In a related paper, Cremers and Petajisto (2007) propose a measure of Active Share for individual mutual funds to capture the share of portfolio holdings that differ from the benchmark index. They find that funds with highest Active Share significantly outperform their benchmark both before and after expenses. This paper, on the other hand, focuses on the universe of hedge funds and investigates whether innovative and distinctive strategies of hedge funds predict superior future performance. This paper is also related to a burgeoning line of research that aims to gauge the unobserved fund managers' talents using publicly observable fund return and holding data. Cohen, Coval and Pastor (2005) propose to judge a fund manager's skill by how similar her portfolio holdings are to those of managers with superior performance records. They demonstrate empirically that their measures are useful in forecasting manager performance. Kacperczyk, Sialm, and Zheng (2007) propose a return gap measure to capture the unobserved actions taken by mutual fund managers.
The return gap is defined as the difference between the reported fund returns and the return that a portfolio that invests in the previously disclosed holding after adjusting for expenses. They find that the return gap, as a proxy for the unobserved managerial talents, indeed helps predict future fund performance. Kacperczyk and Seru (2007) argue that a skilled manager tends to rely less on public information. They construct a RPI measure (Reliance on Public Information) to capture the responsiveness of a mutual fund manager's portfolio allocations to changes in public information, and find a strong inverse relation between RPI and future fund performance. In this paper, we try to estimate the innovativeness of a fund's strategy, an unstudied aspect of disclosed fund performance, by analyzing fund historical returns.
III.
Data
The hedge fund data are from the Lipper TASS database, which is recognized as one of the leading sources of hedge fund information. The main data include monthly hedge fund returns, as well as fund characteristics. Fund of funds are excluded, so are the funds denoted in currency other than the US dollar. We also exclude funds with asset under management less than 5 millions US dollar. To reduce the noise in the fund distinctiveness measures, we exclude funds with less than 12 monthly returns within each preceding 24-month period. To alleviate survivorship bias, we include both live and "graveyard" funds. To avoid back-fill bias, we only include return information after the fund enters into the TASS database. The sample covers the period of January 1994 to September 2008.
There are 3203 funds in our sample. TASS groups these hedge funds into 10 self-reported style categories, including convertible arbitrage, dedicated short bias, emerging markets, equity market neutral, event driven, fixed income arbitrage, global macro, long/short equity hedge, managed futures, and multi strategies. A third of funds are in the long/short equity hedge category. There are only about 30 funds in the dedicated short bias category. The rest of the sample is relatively evenly distributed over other 8 hedge fund categories.
The abnormal performance of a hedge fund is measured relative to certain benchmarks. Given the wide use of derivatives and dynamic trading strategies among hedge funds, the standard CAPM model cannot adequately capture the risk-return tradeoff for hedge funds. Therefore, we consider a few alternative choices as performance benchmarks. For our main results, we use the Fung and Hsieh (FH) 7-factor model (Fung and Hsieh 2001) 1 , which includes an equity market factor, a size spread factor, a bond market factor, a credit spread factor, and trend-following factors for bond, currency and commodities.
In addition, we use a modified appraisal ratio of Treynor and Black (1973) , which is calculated by dividing the mean of the abnormal returns by their standard deviation. Brown, Goetzmann, and Ross (1995) show that survivorship bias is positively related to fund return variance. Thus, the higher the return volatility, the greater the difference between the ex-post observed mean and the ex-ante expected return. Using the alpha scaled by the idiosyncratic risk as our performance measure mitigates such survivorship problems. Agarwal and Naik (2000) further point out that this measure is particularly relevant for hedge funds given that it accounts for differences in leverage across funds.
In addition, we employ the Sharpe ratio to capture the risk-return tradeoff of hedge fund performance. It is defined as the ratio between the average monthly net fee returns in excess of the risk free rate and the volatility in excess returns.
IV. Hedge Fund Strategy Distinctiveness Index
This paper investigates whether a more distinctive investment strategy reflects more innovative and skillful managerial talents, hence predicting superior future performance. To measure the distinctiveness of a fund's investment strategy, we compare its historical returns with the average returns of its peers.
A. Quantifying Hedge Fund Strategy Distinctiveness
If a manager is skillful, she is likely to engage in innovative and unique trading strategy, hence delivering performance that co-moves less with the overall performance of the hedge fund sector, or the performance of the specific style her fund belongs to. This suggests an intuitive measure to capture the distinctiveness of a fund strategy, one minus the sample correlation of a fund's return . The SDI ranges between 0 and 2 in theory. Graphically, SDI can be viewed as a "distance" measure: the higher the SDI, the farther is a fund from its cluster, and hence the more distinctive is the fund's strategy.
To gauge how distinctive a fund's strategy is from its cohort, we first need to define hedge fund styles appropriately. Although TASS offers a classification scheme of 10 styles based on survey and voluntary reporting of hedge fund managers, this classification has a number of limitations.
First, TASS only records the most recent style of each fund, hence does not capture changes in styles over time. Second, funds may strategically misclassify themselves in order to pick a favorable benchmark. Third and perhaps most problematically, funds in the broadly defined TASS styles such as "Long/Short Equity Hedge" tend to be more heterogeneous, and hence appear to be more distinctive, than those in the narrowly defined styles such as "Convertible Arbitrage". Therefore measuring the distinctiveness of fund strategy based on the TASS styles may introduce a confounding style effect.
To address these issues, this paper defines styles (cluster styles) by clustering historic returns. At the beginning of each quarter, for funds with more than 12 monthly returns over the preceding 24-month period, we group them into K clusters, i.e. K styles, based on the correlation of fund returns. The clustering procedure is similar to the method in Brown and Goetzmann (1997 Goetzmann ( , 2003 .
The goal of the procedure is to find a locally optimized partition among funds so that it minimizes the sum of the distance of all funds to the corresponding clusters. This quantitative method, by design, groups each fund to its closest cohort. It also balances among all clusters so that the strategy distinctiveness measure is more comparable across clusters, as compared with the TASS style-based SDIs.
B. Properties of the Cluster Styles
To better understand the clustering results, first, we compare how much overlapping there is between the statistically defined cluster styles and the self-reported TASS styles. In our study, we fix the number of clusters to be ten, the same as the number of the TASS styles. In Table 1 , we report the cross-tabulation of the cluster styles with the TASS styles. Since the self-reported styles are identified only at the end of the sample, we compare them with the end-of-sample clusters estimated based on the last 2 years return data 2 . As seen from Table 1 , the cluster styles and the TASS styles do not perfectly match. Each of the relatively narrowly defined styles such as "Convertible Arbitrage", "Dedicated Short Bias", "Emerging Markets", "Event Driven" and "Managed Futures", tends to concentrate in one or two clusters, which, combined, consist of over 50% of funds in that style. This confirms that the clustering methodology indeed groups together funds with similar strategies. On the other hand, more broadly defined styles such as "Equity
Market Neutral", "Fixed-Income", "Global Macro", "Long-Short Equity" and "Multi-Strategy", spread widely across clusters. This further indicates that the TASS style classification may lump together funds that are fundamentally different, thus it is problematic to construct the strategy distinctiveness measure based on the TASS styles. 2 We also compare clusters defined based on the whole sample of returns with the TASS styles. The results are similar.
Second, we examine the stability of the clustering results. Since we update the clusters over time, funds falling into one cluster in this quarter may not necessarily be grouped together in the next quarter. However, if two funds are grouped together because of some fundamental link, then the clustering should remain stable over time. We test this hypothesis by analyzing pair-wise connections between funds for each period. For each year, we count the number of changes in the pair-wise connections between funds. We find an average annual "transition rate" of 16.6% 3 , comparable to 17.6% found by Goetzmann and Brown (1997) based on a mutual fund sample.
The low transition rate confirms the stable grouping by the clustering procedures. We also boostrap the transition rate under the null hypothesis that funds are grouped into clusters by random chance. The average switching rate under the null is 20.7%. Plotting the entire distribution of the null rate reveals that the sample transition rate for each year is below the 1% percentile of the bootstrapped distribution, suggesting that the clusters are significantly more stable than if they were grouped by random chance.
C. Properties of the Strategy Distinctiveness Index (SDI)
In the following, we investigate the properties of the strategy distinctiveness index based on the cluster styles. Given the limited number of funds with valid SDI measures in 1996, we shall focus our analysis in the rest of the paper over the period of 1997 to 2008.
C.1. Heterogeneity of the Strategy Distinctiveness Index
There is a clear pattern of large variations in the distinctiveness of trading strategies across hedge funds. Panel A of Table 2 To see whether clustering better classifies funds than the existing TASS styles, we also compute the SDI based on the TASS styles. Specifically, we calculate one minus the sample correlation between each fund's returns with the average returns of all funds within the same TASS style. Moreover, the proportion of the live and graveyard funds is stable across all 10 but the 0.95 index bins, as evident in Figure 1A . However, there are only three sample funds in the 0.95 index bin, two of which are alive. In all other index bins, it is about 50-50 split between the live and graveyard sample funds. These statistics suggest that findings on the relation between the SDI and fund performance are not likely driven by the different levels of SDI for live and graveyard funds.
In Figure 2 , we examine the relative distribution of hedge funds across clusters in each of the index bins. The relative proportion of each cluster is stable across the bins. This finding suggests that the difference in the SDI measure is not driven by the difference in cluster styles, and hence any performance difference associated with the SDI is also unlikely driven by the style difference.
To better understand how SDI varies across funds with different characteristics, we report the time series average of the pair-wise correlations between the SDI and the contemporaneous fund characteristics. Panel B of Table 2 yields several noteworthy points. First of all, there is a positive correlation between SDI and fund performance as measured by alpha, appraisal ratio and Sharpe ratio. Second, there is a negative correlation between SDI and fund return volatility (Vol). Finally, younger funds and funds with higher incentive fees tend to have higher SDI in our sample.
C.2 Persistence in the Strategy Distinctiveness Index
If the deviation in hedge fund returns from its peers is driven by innovations in trading strategies and managerial skills, funds should display persistent SDI over time. For example, if a hedge fund exhibits high SDI in one period due to the manager's unique informational advantage or the unique approach in processing information, its index level is likely to remain high in the future:
managers are inclined to their usual resources and styles, as long as the market capacity for this type of strategy has not been fully exhausted.
To test this hypothesis formally, we sorted all funds in our sample into quintile portfolios according to their lagged SDI measures and computed the average SDI for each quintile during the subsequent 3 months, 6 months and 1 to 3 years. Table 3 reports the average index levels of the quintile portfolios both at the sorting time and during the next 3 months to 3 years. The future index levels of the high Index portfolios remain higher than those of the low index portfolios, for all 5 time intervals we considered. The difference in the SDI between the high and low index portfolio decreases over time, but remains economically and statistically highly significant at a level of 0.17 even 3 years later. These results suggest a strong persistence in the SDI measure. Figure 3 , which depicts the future index for quintile portfolios sorted on the current index level,
shows the persistent pattern. It demonstrates that the ranking of the quintile portfolios sorted based on the SDI measures, in the next 3 months to 3 years after the formation period, remains identical to that in the formation period. Overall, although we see some reversion of the SDI toward the mean for the extreme quintiles, the persistence of both the high and low index funds remains over the longer horizon.
D. Determinants of Strategy Distinctiveness Index
To better understand what affects the level of distinctiveness of a hedge fund performance, in this subsection, we examine the relation between the SDI and lagged fund-specific characteristics.
Specially, we use a multivariate panel regression approach based on annual data, controlling for fund clustering and time and style fixed effects. The lagged fund characteristics considered include fund return volatility (Vol), lengths of redemption notice and lock up periods, personal capital commitment dummy, high water mark dummy, management fees, incentive fees, fund age, natural logarithm of asset under management, flow into funds, average monthly net fee returns, FH 7-factor alpha and the corresponding appraisal ratio (AR), and the Sharpe ratio (SR). 
V. Strategy Distinctiveness Index and Fund Performance
Until now, we have provided evidence that SDI has appealing properties that are consistent with its potential of being an effective proxy for managerial innovation skills. In this section, we test the main hypothesis of the paper, i.e. whether SDI indeed contains valuable information that could be used to predict future fund performance. We probe this question using both a portfolio sorting and a multivariate predictive regression approach.
A. Portfolio Sorting
To gauge the relative performance of funds with different SDI levels, at the beginning of each quarter, we sorted all hedge funds into 5 portfolios according to their SDI levels measured over a previous 24-month period. For each quintile portfolio, we computed the equally and value weighted average buy-and-hold performance for the subsequent quarter. We then repeated the sorting and rebalancing process every 6 months, each year, up to every 3 years, and computed the corresponding performance measures for the holding periods of the subsequent 6-month, and 1-year to 3-year respectively. This procedure generates non-overlapping performance measures for the quintile portfolios.
We consider various performance measures for each quintile portfolio including the average monthly FH 7-factor adjusted alphas, a modified appraisal ratio of Treynor and Black (1973) , and the Sharpe ratio. For each fund, the appraisal ratio was calculated as the ratio between the mean of its FH 7-factor adjusted returns over the holding period and the standard deviation of the monthly alphas, while the Sharpe ratio was calculated in a similar way using the monthly net fee returns in excess of the risk free rate. We then took the average within each portfolio to derive the appraisal ratio and Sharpe ratio of the quintile portfolios 4 . Table 5 summarizes the time-series average of these performance measures for each quintile portfolio, as well as the difference between the high and low SDI portfolios. The corresponding t-statistics are adjusted for heteroskedasticity and auto-correlation.
For the equally weighted portfolios, the FH 7-factor alphas increase almost monotonically with the past SDI measures, for the 3-month, 6-month and 1-year sorting and holding horizon. For a 1-year sorting and rebalancing trading strategy, funds in the highest SDI quintile where managers tend to follow distinctive investment strategies earn an abnormal return of 0.77% per month, with a t-statistics of 3.31. Those in the lowest SDI quintile where managers tend to herd the most, on the other hand, yield an insignificant return of 0.26% each month after controlling for FH 7-factor. The performance difference between the top and bottom quintiles is 0.50% per month, or 6% per annum, and statistically significant. For the other rebalancing and holding horizons, funds in the highest SDI quintile consistently outperform those in the lowest quintile by 0.40-0.50% per month, or about 5-6% per annum, after adjusting for FH 7-factor for up to 1 year later. Note that to earn this return spread, one has to set up a trading strategy going long on funds with the most innovative investment skills and short on those most likely to herd. The long lag of this trading strategy alone can actually secure a better abnormal return of over 9% per annum for the rebalancing and holding horizon up to one year.
As a fund deviates from the benchmark performance, it will be exposed to idiosyncratic risk. To take into account the different levels of unique risk across our sample of funds, we use a modified appraisal ratio of Treynor and Black (1973) . For the equally weighted portfolios, there is a clear tendency for the appraisal ratio to increase with the SDI. The difference between the top and bottom SDI portfolios is 0.37 with a t-statistics of 4.35, for a holding horizon of 3 months. When the holding horizon is extended to a 1-year period, the difference in appraisal ratio between the high and low index portfolios converges but still remains highly significant at a level of 0.25 with a t-statistics of 3.86. The difference in appraisal ratio shrinks to 0.17 and remains significant when the holding horizon is extended to 3 years.
To ensure that our portfolio sorting results are not specific to the FH 7-factor performance benchmark, we also consider the Sharpe ratio that is based on the net fee returns in excess of risk free rate. The equally weighted portfolio Sharpe ratio increases monotonically from the lowest SDI quintile to the highest one for all 5 sorting and holding horizons. For the 1-year holding horizon, the high SDI portfolio outperforms the low one by 0.18, significant at the 1% level. In general, the spread in the Sharpe ratio ranges from 0.14 to 0.19 across the various sorting and holding horizons, and is significant at the 10% level or better.
The value weighted portfolio sorting results are qualitatively similar compared to the equally weighted ones. For example, based on a 3-month holding period, funds in the highest SDI quintile significantly outperform those in the lowest quintile by 0.48% per month, after controlling for the FH 7 factors. Up to a 1-year holding period , the magnitude of the spread in the monthly FH7 alpha between the value weighted extreme quintiles is comparable to that of the equally weighted portfolios, albeit less significant. The results using appraisal ratios and Sharpe ratios are essential the same as the equally weighted ones, both in magnitude and the statistical significance. Overall, these findings suggest that our results are not driven by small funds playing a dominant role.
Although we include both live and graveyard funds in the portfolio analysis, there is no return data available after funds stop reporting and drop out of the data set. If the "drop out" funds continue to operate and the unreported performance of these funds is substantially different from the performance of existing funds, the observed portfolio return based on existing funds would be biased. We refer to this potential bias as the "drop out" bias. This bias raises the concern that the observed performance difference across the SDI quintiles might be due to the difference in the drop out rate rather than true performance. Fund and Hsieh (2000) point out that the magnitude of the "drop out" bias should be a fraction of the normal survivorship bias. To further examine this issue, we analyze the "drop out" property of the SDI portfolios and gauge the impact of the potential bias on the finding through some back of the envelop calculations. Table 6 reports the survival rate for the SDI sorted portfolios corresponding to the ones reported in Table 5 . In general, funds in the high SDI portfolios experience a higher drop out rate than funds in the low SDI portfolios. For example, about 81% of the funds in the lowest SDI quintile remain in the data set 1 year after portfolio formation, while 77% of the funds in the highest SDI quintile remain. The difference of 4% is statistically significant.
To examine whether the difference in the drop out rate explains away the observed performance difference across the SDI quintiles, we need to know the performance of the funds after they drop out. Unfortunately, such data is not readily available. Funds drop out of the database for many reasons such as liquidations, mergers, name changes, or voluntary stopping reporting. As a result, even the sign of the bias is not clear. For example, Ackerman, McNally and Ravenscraft (1999) report that the average return of drop-out funds is not necessarily lower than the surviving ones as some poor performers tend to terminate and some good performers tend to stop reporting. On the other hand, Fung and Hsieh (2000) report underperformance by "drop out" funds, which might explain the outperformance by funds in high SDI quintiles due to their higher drop out rate. We assess such likelihood in the following back of the envelope calculations.
As pointed out by Fund and Hsieh (2000) , the post-formation portfolio performance can only be measured based on funds that have remained in the dataset till the end of the holding horizon. For each portfolio, the true risk adjusted return can be denoted as: (1999) report an average loss of -0.7% for terminating funds beyond the information contained in the database according to a poll by the a major hedge fund data base. Noticeably, this number subjects to the self-reporting bias and needs to be interpreted with caution.
We further calibrate the performance of the "drop out" funds based on estimates provided in Fung and Hsieh (2000) . They argue while individual hedge funds drop out of the data base, their performance is reflected in the performance of funds of funds if they continue to be present in the market. Thus, the return of funds of funds is not subject to the "drop out" bias. Table 4 of Fung and Hsieh (2000) shows that for the period of 1994 to 1998, the average return on the surviving portfolio measured by individual hedge fund returns was 10.24%, and the average return on the true portfolio proxied by implied hedge fund returns using funds-of-funds data was 8.22%.
Assuming the drop-out rate to be 20%, the implied return on the drop-out funds was 0.14% 5 . It is far greater than the cutoff value of -114.69% we derived above.
Furthermore, we examine two relevant performance metrics for our sample funds for reference.
Averaging across defunct funds in our sample, the mean (median) life-long Fung-Hsieh 7-factor adjusted return is 1.79% (2.49%) per annum, and mean (median) performance 1 year prior to drop-out is -1.00% (-0.17%) per annum. Although these two metrics may not reflect the performance of those funds after they drop out of the TASS database, they at least suggest that an annualized abnormal return of -114.69% for those funds after they drop out is highly unlikely.
Therefore, in sum, the difference in the drop-out rate and the resulting potential return bias is unlikely to explain away the out-performance of the high SDI portfolio.
B. Multivariate Predictive Regression Analysis
In this section, we further extend our analysis using a multivariate regression approach. The quintile portfolio analysis does not control for hedge fund characteristics that are known to affect future performance. For example, funds with more innovative investment strategies may be smaller than those likely to herd. Moreover, managers of innovative funds may be offered different incentive contracts from those go-with-the-crowd managers. Our previous findings on a positive association between SDI and future fund performance may be driven by size or other fund characteristics. A multivariate regression framework can help differentiate the alternative explanations by simultaneously controlling for these different factors.
To investigate whether SDI has a predictive power for future fund performance after controlling for other fund-specific characteristics, we estimate the following regression: , are the risk adjusted fund performance within one year after the SDI is calculated. Specifically, we consider the compounded alpha, the corresponding appraisal ratio (AR), and the Sharpe ratio (SR).
We use the lagged control variables to mitigate potential endogeneity problems. The If the distinctiveness index indeed reflects innovative and skillful managerial talents, we should expect its estimated coefficient to be significantly positive.
Our data is a pooled time series and cross-sectional unbalanced panel data. Given the stale price issue for hedge fund data documented by Getmansky, Lo and Makarov (2004) , the resulting alphas may be correlated over time for a specific fund, hence we must correct for the fund clustering effect. Moreover, hedge fund performance may also be correlated across funds at a given point of time. Therefore, we need to correct for the time effect. As Petersen (2005) shows, clustering analysis is the preferred approach in addressing the fund-effect, while Fama-MacBeth is appropriate for correcting for the time effect. When both effects exist, we need to address one parametrically and then estimate standard errors clustered on the other dimension. We thus adopt two approaches. The first approach is the pooled panel regression adjusting for both fund clustering and time and style fixed effects. The second approach is the Fama-MacBeth crosssectional analysis with style dummies and Newey-West heteroscedasticity and autocorrelation adjustment (HAC). Since there are only 12 years in our sample, annual regression especially for Fama-MacBeth analysis will be subject to the issue of limited statistic power. Therefore, our regressions use data of quarterly frequency.
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B.1 Panel Regression Analysis
For the panel regression, we pooled the time series of all funds together to estimate Equation (2).
The results are reported in Table 7 , where the t-statistics are adjusted for fund-level clustering effect and time and style fixed effects. Since risk adjusted returns better reflects managerial talents, we focus on the regression results with the FH 7-factor adjusted returns and the corresponding appraisal ratios, as well as the Sharpe ratios, as the dependent variables. Table 7 demonstrates that the SDI has an important impact on future fund abnormal performance, even after controlling for other fund characteristics.
For the panel regression of alphas, the estimated coefficient for the SDI is 5.88 with a t-statistics of 4.58, when time and cluster fixed effects are controlled. This implies that a one standard deviation increase in the Index predicts an increase in the annualized FH 7-factor returns of 1.12 percent in the subsequent year, in the presence of a host of control variables. We also adopt the appraisal ratio as an alternative performance measure. The results indicate a strong positive association of the SDI and future appraisal ratio. For example, a one standard increase in the SDI will result in an increase in both the FH-7 and AN-8 appraisal ratios of 0.06 when time and cluster fixed effects are controlled for. Finally, the effect of the SDI on the Sharpe ratio is also strongly positive and significant. A one standard deviation increase in the SDI leads to an increase of 0.04 for the SR.
B.2 Fama-MacBeth Analysis
Using the Fama-MacBeth approach, for each quarter, we performed the cross-sectional regression of Equation (2) together with cluster dummies to get the estimated coefficients. Then we used the time series of the estimated coefficients to derive the final Fama-MacBeth regression results, with Newey-West heteroscedasticity and autocorrelation adjustment on standard errors. The results are reported in Table 8 . For the regression of the FH 7-factor alphas, the estimated coefficient on the SDI is 5.50 with a t-statistics of 2.95, when cluster dummies are controlled for. Since the difference in the 1-year post-formation SDI between the high and low portfolios falls between 0.28 and 0.52 as reported in 
VI.
Conclusion
Investors want to identify talented hedge fund managers who have unique alpha generating investment ideas. Since little information about the funds' security holdings or trading strategies is disclosed to investors, assessing managerial ability is a challenging task that relies mainly on learning from funds' historical return information and managers' tracking record. Academic literature has studied how past fund performance relates to future fund performance. In this paper, we examine a different aspect of fund historical returns, namely the extent to which a fund's return series resemble the return series of its peer funds. We hypothesize that skilled managers with innovative ideas would herd less and thus their returns would display less resemblance to those of an average fund.
To measure the distinctiveness of a fund's investment strategy, we estimate the correlation of a fund's returns with the average returns of its peer funds. We term (1 -correlation ) the "Strategy Distinctiveness Index" (SDI). Using fund return data from January of 1994 to September of 2008, we document a substantial cross-sectional variation in the SDI, indicating much heterogeneity in funds' style distinctiveness. We also find strong persistence in the individual funds' SDI for years into the future, which suggests that the SDI reflects persistent fund specific factors. Further analysis indicates that SDI is related to a number of fund characteristics, for example, past fund performance, return volatility, fund age, size, manager personal capital commitment, the length of lockup periods and incentive fees.
Our main result shows that SDI is associated with significantly better future fund performance.
Funds with high SDI tend to perform consistently better after adjusting for differences in their risks and styles. We show this finding using a portfolio approach, a panel regression approach and the Fama-MacBeth method. Overall, our evidence indicates that SDI is a potentially useful indicator of managerial innovative talents and can be used by investors in selecting funds.
Appendix: Test of Clustering Stability
We study the stability of the clusters by looking at the pair-wise associations between funds in our sample. Ideally, funds currently clustered together due to fundamental links will stay clustered together in the next period if their strategies stay stable. At each time point, we define "connection" to be either 1 or 0 depending on whether the two funds fall into the same cluster or not. We then count the percentage of pair-wise connections that remain unchanged for the next year. A higher percentage of unchanged pair-wise connections indicate a more stable clustering. Table A1 gives the clustering stability results. Column 2 counts the number of pair-wise connections that stay the same, and column 3 counts the total number of pair-wise connections for funds that are alive in both sets of clusters. Column 4 gives transition rate, which is the percentage of connections changed from the previous clustering results. The average annual transition rate is 16.6%. To gauge the stability of the clustering through time, for each year we bootstrap the "switching rate" under the null hypothesis of funds being grouped by random chance. The null is constructed by forming samples via random draws without replacement from actual fund returns. We follow Abraham, Goetzmann, and Wachter (1994) and Goetzmann and Wachter (1995) for the bootstrap procedure. For each round of the bootstrap procedure, we set the number of clusters and the total number of funds equal to those statistics from the real sample.
Column 5 reports the average "switching rate" for each year. The typical rate of change under the null is 20.7%, which is considerably higher than the transition rate of 16.6% obtained from the true sample. Column 6 reports the standard deviation of the bootstrapped distribution. The transition rate is below the 1% critical value in the left tail of the bootstrapped distribution for each sample year. Therefore, we reject the null of random grouping. Overall, our clustering procedures based on historical returns capture the fundamental links across funds, and hence, the resulting clusters are stable over time.
Table A1: Transition Rate of Pair-Wise Connections Between Funds
Table Appendix 1 summaries the pattern of the transition rate of fund clustering results. In each period, we study the pair-wise connection between funds; connection takes the value of 1 or 0, depending on whether the two funds under study fall into the same cluster or not. We then count the percentage of pair-wise connections remaining unchanged the next period. The higher the percentage, the higher the stability of clustering. Column 2 counts the number of pair-wise connections that remain the same as the last period, and column 3 counts the total number of pairwise connections for funds that exist in both periods. Column 4 is the sample transition rate, which computes the percentage of connections that changed since the last period. Column 5 reports the bootstrapped transition rate under the null of random grouping. The last column reports the standard deviation of the bootstrapped null distribution. Figure 1A represents the histogram of SDI based on the cluster styles for all funds from 1997-2008. It also depicts a breakdown between the live and graveyard funds in the distribution. Figure  1B represents Table 2 summaries the time series averages of cross-sectional summary statistics for the main variables, for the full sample, and for the live and graveyard fund sub-samples. Variables considered are number of funds, the Strategy Distinctiveness Index (SDI) and contemporaneous fund characteristics including monthly net of fee returns, FH 7-factor adjusted alphas and the corresponding appraisal ratio (AR), Sharpe ratio (SR), volatility of monthly net fee returns (Vol), lengths of redemption notice periods and lockup periods, dummy variables for personal capital commitment and high water mark, management fees, incentive fees, fund age, assets under management (AUM), and new money flow into funds within the past 12 months as a fraction of AUM. Panel B reports the time series average of the pair-wise correlation between these variables. The SDI is measured as 1-correlation from the clustering program. Table 3 reports the time-series means of the average Strategy Distinctiveness Index (SDI) for the current quarter and the subsequent 3 months, 6 months, and 1 to 3 years for each of the quintile portfolios sorted on the previous 24-month SDI. It also reports the difference between the high and low portfolios and the corresponding t-statistics. 
Survivorship and backfill biases are controlled for to the extent the data allow. The SDI is measured as 1-correlation from the clustering program. Lagged fund characteristics are measured over the preceding 24-month period including FH7 alpha and the corresponding appraisal ratio (AR), Sharpe ratio (SR), volatility of net fee returns (Vol), lengths of redemption notice periods and lockup periods, dummy variables for personal capital commitment and high water mark, management fees, incentive fees, fund age, assets under management (AUM), new money flow into funds as a fraction of AUM and the average net fee returns. The coefficients are multiplied by 100. The t-statistics reported in italics are adjusted for fund clustering effect and time and cluster fixed effects. Table 5 reports the time series means and t-statistics of the post-formation monthly FH7 alphas, FH7 based appraisal ratios (AR), and the Sharpe ratios (SR), for the quintile portfolios sorted on the Strategy Distinctiveness Index (SDI). The performance measures are based on the equally and value weighted buy-and-hold portfolios sorted and held for 3 months, 6 months, and 1-3 years. They are from the non-overlapped portfolios except for the AR and SR over the next 2 and 3 years. The SDI is measured as 1-correlation, estimated using the clustering procedure. The t-statistics reported below in italics are adjusted for heteroskedasticity and auto-correlation. α is the compounded FH 7-factor adjusted performance over the subsequent 1 year in percentage terms. AR and SR are the corresponding appraisal ratio and Sharpe ratio. Control variables are the lagged fund characteristics including volatility of monthly net fee returns (Vol), lengths of redemption periods and lockup periods, dummy variables for personal capital commitment and high water mark, management fees, incentive fees, fund age, asset under management (AUM), and new money flow into funds within the preceding 12 months as a fraction of AUM, in percentage. The t-statistics reported underneath the estimated coefficients in italics are adjusted for fund clustering effect and time and cluster fixed effects. α is the compounded FH 7-factor adjusted performance over the subsequent 1 year in percentage terms. AR and SR are the corresponding appraisal ratio and Sharpe ratio. Control variables are the lagged fund characteristics including volatility of monthly net fee returns volatility, lengths of redemption periods and lockup periods, dummy variables for personal capital commitment and high water mark, management fees, incentive fees, fund age, asset under management (AUM), and new money flow into funds within the preceding 12 months as a fraction of AUM, in percentage. Cluster dummies are included in the regressor set. The t-statistics reported underneath the estimated coefficients in italicized font are adjusted for heteroskedasticity and auto-correlation. 
